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Abstract 
As the capital of China, Beijing is regarded as a major metropolis in the world. Study of the variation in temporal 
energy intensity generated by the driving forces in Beijing can provide guidance for policy decisions on energy 
consumption in global metropolises. In this paper, we established Beijing energy-input-output tables from 1997 
to 2012 in 2002 constant price. Based on the tables we use the structural decomposition analysis (SDA) to 
decompose energy intensity into five determining factors: Energy input coefficient, technology coefficient 
(Leontief inverse coefficient), final demands structure by product, final demands by category and final energy 
consumption coefficient. The results show that (1) During 1997 and 2012, Beijing energy intensity had continued 
to decline, and the energy input coefficient and final demands by category are the main factor help to decrease 
the energy intensity. (2) Energy input coefficient plays a vitally important role to energy intensity decrease, which 
may be due to the increase of the proportion of the tertiary industry. (3) The change of final demands structure 
by product is a driving force to make energy intensity rising except for 2002-2007, and technology coefficient 
(Leontief inverse) has impact on energy intensity increase except for 2007-2012. (4) The effect of final energy 
consumption coefficient is gradually weakened role on energy intensity. This study showed how the “top-down” 
IO-SDA methodology was implemented on a city scale. Policy implications from this study would be helpful for 
addressing energy consumption in global capital cities and metropolises. 
© 2016 The Authors. Published by Elsevier B.V.  
Selection and/or peer-review under responsibility of the organizers of ITQM 2016 
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1. Introduction 
Beijing, as the capital of China, environmental problem has aroused an increasingly large attention from both 
policy makers and academic scholars. Energy intensity is widely used as an index of measuring comprehensive 
energy utilization efficiency [1]. The input–output analysis, an analytical framework developed by Wassily 
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Leontief [2], has become a widely use instrument in the fields of energy usage efficiency and energy intensity in 
recent decades [3]. Additionally, SDA has broad application worldwide and has been demonstrated to obtain 
reliable results. A number of experts and scholars have conducted extensive studies on the subject [4-5].Lin & 
Polenske[6] investigated the determining factors for total energy consumption in China, based on input-output 
model and structural decomposition analysis. Hang and Tu studied the influence of energy price on the Chinese 
economy’s energy intensity and the results showed that high energy prices can lower energy intensity [7]. Wei et 
al. investigated energy efficiency of China’s iron and steel sector during the period of 1994–2003 by using the 
Malmquist Index decomposition [8]. Amir et al. use input-output matrices for the years 1995 and 2005 by 
applying a structural decomposition analysis to assess how the changes in aspects of demand impact the use of 
energy in the developing economies and the developed economies [9]. Yafei Wang et al. analysed the driving 
forces for the increment in CO2 emissions in Beijing from both production and final demand perspectives during 
1997–2010 based on IO-SDA [10]. In this study, we use SDA to find the most important reason for Beijing 
energy intensity change between1997-2012. 
2. Methodology.
Now input-output methods are usually used to calculate the energy consumption, and can be easily applied to 
all sectors regardless of the length and complexity of their production process. To capture the features of energy 
consumption and influencing factors of energy intensity, we established physical-monetary energy input- output 
table, which combines the monetary input-output table with energy consumption. The physical-monetary energy 
input-output table is shown in Table 1. 
Table 1. Physical-monetary energy input-output table 
Inter-Demands Final Demands Total 
Output 1  2 … n Con. Cap. Exp. Imp. Oth. 
Inter-Input 1  2 … n Z Yc Ya Ye Yi Yo X 
 Sub-total  fc fa fe fi fo
Primary Input  V’   
Total Input  X’
Energy Consumption 1  2 … m E Efc Ec Ee Ei Eo
As shown in Table 1, the physical-monetary energy input-output table can be divided into monetary part and 
physical part. In the monetary part, Z denotes the matrix of intermediate input, its element zij is the intermediate 
input of sector i to sector j in monetary unit; Yfc, Yc, Ye, Yi, Yo denotes the column vector of five kinds of final 
demands, i.e., consumption, capital formation, export, import and others; V’ is the row vector of value added, its 
element vj is value added of sector j; X denotes the column vector of total output, its element xi is total output to 
sector i; X’ is the transpose of X, which is the row vector of total input, and its element xj is the total input of 
sector j. As for the physical part, m denotes the category of the energy which consumed as inter-demands and 
final demands. Specifically, E denotes the matrix of intermediate energy input, its elements Eij represents the 
energy requirement of sector j on sector i; Efc, Ec, Ee, Ei, Eo denotes the column vector of five kinds of final 
energy demands. 
2.1 Basic Input-Output Model 
The basic input-output model is as follows: 
1( )X I A Y                                                                     (1) 
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Where [ ] [ / ]ij ij jA a z x   denotes the future technology matrix, also called the direct requirement matrix,
where aij  is the direct requirement of sector j on sector i; 1( )L I A   denotes the total requirement coefficient 
matrix, usually called Leontief inverse matrix;ܻ ൌ ܤܨ, B denotes the matrix of final demands structure, the 
elements represents the share of product i of each kinds of final demands; where F denotes the column vector of 
the total final demands of each kinds of final demands, that is fc, fa, fe, fi and fo.
Then the X can be rewritten asܺ ൌ ܮܤܨ.                                                                
2.2 Energy Consumption Model 
From the physical part, we have
yeX E E I  , where /ij ij je E X  and y fc c e i oE E E E E E     .        
Moreover, eij represents the consumption of energy product i per unit output on sector j; eX = E is the 
intermediate energy input matrix; Ey is the total final energy demands, equals to the sum of five kinds of final 
energy demands; EI indicating the column vector of total energy output; and TE is the column vector of total 
energy consumption, equals to the sum of intermediate energy consumption and household energy consumption, 
we have 
fcTE eX E   , and the household energy consumption can be defined as fcE hcF .Where 
[ / ]mk kh e f is the matrix of final energy consumption coefficient, denoting k represents the category of the final 
energy demands, i.e., consumption, capital formation, export, import and others; c is means diagonal matrix 
consisting of ones and zeros, in which the diagonal elements corresponding to category of consumption are ones, 
others are zeros[1]. 
Further, the total energy consumption can be rewritten as 
( )TE eLBF hcFP                                                      (2) 
According to the input-output table, GDP can be expressed as  
GDP FO                                                                  (3) 
Where ­ is a m order sum row vector, ¬ is a 5 order sum row vector. Therefore, energy intensity Q which 
represents the energy consumption per GDP, can be defined as  
( )TE eLBF hcF
Q
GDP F
P
O
                                                   (4) 
2.3 The Structural Decomposition Analysis model  
The key assumption of SDA is independence of determining factors. In this model, the five factors e, L, B, F
and h are all approximately independent. In this model, we use the two-polar decomposition method to 
decompose at the base time and reference time. According to equation 11, we can write the energy intensity ratio 
of reference time to base time as follows, where time 0 and 1 represent the base time and reference time, 
respectively.
01 1 1 1 1 1
0 0 0 0 0 0 1
( )
( )
FQ e L B F h F
Q e L B F h F F
OP
P O
 u

                                                (5) 
 Based on the two-polar decomposition method, we can obtain that 
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Where, D  is the change of energy input coefficient, E  is the change of technology coefficient, G is the 
change of final demands structural by product, M  is the change of final demands by category, Z is the change 
of final energy consumption coefficient. 
3. Empirical results 
3.1 Data 
All data used can be divided into two parts: monetary part and physical part. The year of 2007 is quantitatively 
detected as start year of the subprime crisis by Zhu [11] so that we roughly trisect the data sample with the year 
of 2002 and 2007. In the monetary part, the original I-O tables used are competitive import type tables, which 
have been complied by Beijing Municipal Bureau of Statistics every five years. We use four Beijing I–O tables 
for the years 1997, 2002, 2007, and 2012. According to China’s standard industrial classification system, we 
aggregated the Beijing input–output tables into 21 sectors to satisfy the study efficiency. Considering the 
comparative study of the data, these MIOTs were all converted into 2002 constant prices by price indexes. 
Specifically, the price indexes for detailed industrial sectors used the Producer Price Indices for Industrial 
Products by Sector and Region from 1997 to 2012, the price indexes for transportation sector, services sector and 
agriculture sector are obtained from Beijing Statistical Yearbooks. Moreover, according to some references, the 
price index for construction sector is presented by the Investment in Construction and Installation Fixed Assets 
from National Bureau of Statistics (NBS) in each respective year. 
In the physical part, we obtained the industrial sector energy consumption from Beijing Final Energy 
Consumption by Industrial Sector Table in Beijing Statistical Yearbook. The volume of energy consumed by 
agriculture sector, industrial sector, transportation sector, construction sector, services sector, and final demands 
in Beijing is obtained directly from Beijing's Energy Balance Table in China Energy Statistical Yearbooks. It is 
worth noting that when constructing energy data it is important to re-allocate primary and secondary energy and 
avoid double counting. We distribute the energy loss and transformations in each sector in proportional to the 
energy source consumed by the correspond sector. Considering of the availability of the energy consumption 
data, seven main types of energy consumed by sectors are selected in our tables, i.e., coal, natural gas, coke, 
processing oil, liquefied petroleum gas, heat and electricity. 
3.2 Results and Analysis  
Based on the energy consumption inventory for Beijing of the main seven categories energy consumption 
during 1997-2012, we shaped the trajectory of Beijing’s energy consumption and energy intensity in Fig.1. It 
shows that energy consumption in Beijing increased gradually during 1997-2012. It is easy to find that energy 
intensity decreases from 1997 to 2012, and it decreased quickly during 2002-2007. To depict a comprehensive 
view for the energy consumption during 1997-2012 in Beijing, the structure of energy consumption is also 
presented in Fig.1. It can be observed that among all the energy types coal, processing oil, natural gas and 
electricity play much important role in the energy consumption, and natural gas and processing oil increase as 
time goes by. However, coal consumption has a downward trend at year 2002 and 2012, and coke consumed less 
and less from 1997 to 2012 , obviously. The hidden reasons for the decline of coal consumption and coke 
consumption can be deduced that the change of energy consumption structure and the replacement of the clean 
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energy, such as natural gas and electricity. Interestingly, during 1997 and 2012 the contribution of liquefied 
petroleum gas consumption has been keeping a low level compared with other energy. 
Fig. 1. Energy Consumption and Energy Intensity for Beijing during 1997-2012 
SDA model is constructed to obtain the effects of factors on energy intensity, and the SDA results are shown 
in Table 2. Obviously, all the value of Change of energy intensity is smaller than 1, indicating the energy intensity 
of Beijing from 1997-2012 decreases gradually. In addition, The value larger than 1 indicates that the effect of a 
factor on energy intensity increases; while the value smaller than 1 shows that the effect on energy intensity 
decreases; the value closer to 1 indicates that the weak effects of one factor on energy intensity change. Moreover, 
Fig. 2.shows the contribution ratio of each factor on energy intensity during the reference period. 
Table 2. Decomposition results of energy intensity 
Factors 1997-2002 2002-2007 2007-2012 
energy input coefficient 0.7726  0.5369  0.5947  
technology coefficient 1.2646  1.3316  0.9482  
Final demands structural by product 1.3892  0.9936  1.3203  
final demands by category 0.6338  0.8356  0.8539  
final energy consumption coefficient 1.0031  0.9770  0.9988  
Change of energy intensity 0.8629  0.5799  0.6349  
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Fig. 2.  Factors contribution ratios on energy intensity 
According to Table 2 and Fig. 2, the findings are summarized as follow: 
(a)The decline of energy intensity during 1997-2012 is mainly caused by energy input coefficient and final 
demands by category, whose value all smaller than 1 obviously. From 1997 to 2002, the main factor for 
decreasing energy intensity is final demands by category, whose contribution is 29.28% to energy intensity 
decreases, and the contribution of energy input coefficient is 18.19%, which is much less than 29. 28%. On the 
contrary, the declines of energy intensity from 2002 to 2007, as well as from 2007 to 2012 both are mainly caused 
by energy input coefficient, whose contribution is 46.85% and 43.83%, respectively. The hidden reasons can be 
summarized that the proportion of the tertiary industry which is low-energy industry increases gradually in the 
industrial structure. 
(b)Technology coefficient (Leontief inverse) has impact on energy intensity increase during 1992-2005 and 
2002-2007, which plays 21.16% and 33.55% contribution role to energy intensity increase. The reason is that 
energy-intensive products, for example iron and steel, building materials, chemical products etc., developed 
rapidly with the expansion of China’s infrastructure, which may lead to energy intensity going up. However, 
during 2007-2012, technology coefficient contributes weakly to the energy intensity decreases.  
(c)The change of final demands structure by product is a driving force to make energy intensity rising, all of 
the decomposition results of which are larger than 1 in Table 1 during 1997-2002 and 2007-2012. This may be 
due to the upgrading of consumption structure and the change of investment and net export structure. However, 
the change of final demands structure by product has a weakly contribution to the energy intensity decreases 
during 2007-2012. 
(d)The effect of final energy consumption coefficient is gradually weakened role on energy intensity, still we 
can see clearly that the changes of final demands by category help decrease energy intensity except for 2002-
2012. The hidden reason maybe that final energy consumption occupies a small percentage in the total energy 
consumption, and which makes weak influence to the energy intensity.  
4. Conclusion  
Beijing, as the capital of China, environmental problem has aroused an increasingly large attention from both 
policy makers and academic scholars. Energy intensity is widely used as an index of measuring comprehensive 
energy utilization efficiency. To capture the features of energy consumption and influencing factors of energy 
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intensity in Beijing, we established physical-monetary energy input- output table from 1997 to 2012 in 2002 
constant price, which combines the monetary input-output table with energy consumption. Based on the tables 
we use the structural decomposition analysis (SDA) to decompose energy intensity into five determining factors: 
Energy input coefficient, technology coefficient (Leontief inverse coefficient), final demands structure by 
product, final demands by category and final energy consumption coefficient.  
Some interesting policy implications can be obtained from the simulation results. First, during 1997 and 2012, 
Beijing energy intensity had continued to decline, and the energy input coefficient and final demands by category 
are the main factor help to decrease the energy intensity. Second, energy input coefficient plays a vitally important 
role to energy intensity decrease, which may be due to the increase of the proportion of the tertiary industry. 
Third, the change of final demands structure by product is a driving force to make energy intensity rising during 
1997 and 2012, and technology coefficient (Leontief inverse) has impact on energy intensity increase except for 
2007-2012. Forth, the effect of final energy consumption coefficient is gradually weakened role on energy 
intensity. In the future, we may apply MCDM methods [12-14] in the evaluation of energy intensity change. 
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